Nuclear receptors (NRs) are ligand-activated transcriptional regulators that play vital roles in key biological processes such as growth, differentiation, metabolism, reproduction, and morphogenesis. Disruption of NRs can result in adverse health effects such as NR-mediated endocrine disruption. A comprehensive understanding of core transcriptional targets regulated by NRs helps to elucidate their key biological processes in both toxicological and therapeutic aspects. In this study, we applied a probabilistic graphical model to identify the transcriptional targets of NRs and the biological processes they govern. The Tox21 program profiled a collection of approximate 10 000 environmental chemicals and drugs against a panel of human NRs in a quantitative high-throughput screening format for their NR disruption potential. The Japanese Toxicogenomics Project, one of the most comprehensive efforts in the field of toxicogenomics, generated large-scale gene expression profiles on the effect of 131 compounds (in its first phase of study) at various doses, and different durations, and their combinations. We applied author-topic model to these 2 toxicological datasets, which consists of 11 NRs run in either agonist and/or antagonist mode (18 assays total) and 203 in vitro human gene expression profiles connected by 52 shared drugs. As a result, a set of clusters (topics), which consists of a set of NRs and their associated target genes were determined. Various transcriptional targets of the NRs were identified by assays run in either agonist or antagonist mode. Our results were validated by functional analysis and compared with TRANSFAC data. In summary, our approach resulted in effective identification of associated/affected NRs and their target genes, providing biologically meaningful hypothesis embedded in their relationships.
Nuclear receptors (NRs) are a superfamily of multifunctional ligand-activated, DNA-binding transcription factors which play a critical role in a variety of important biological functions such as growth, differentiation, metabolism, and reproduction (Tata, 2002) . NR ligands encompass endogenous hormones (eg, 17b-estradiol), lipids and bile acids as well as exogenous chemicals like drugs and toxins. NRs play key roles not only in normal physiology but also in many pathological processes (Tenbaum and Baniahmad, 1997) . Due to their significant contribution to pathophysiology, the mechanisms of transcriptional regulation by ligand-bound NRs have been extensively studied over the past several decades. Transcriptional regulation by NRs includes a multistep process involving: binding of NRs to regulatory sites in the genome, ligand-dependent recruitment and function of coregulators to modify chromatin and associated factors, regulation of Pol II binding and activity at target genes' promoter resulting in increased gene expression. Disruption of NRs can result in adverse health effects such as estrogen receptor mediated endocrine disruption. A comprehensive understanding of core transcriptional targets regulated by NRs helps elucidate their key biological processes in both toxicological and therapeutic aspects. Consequently, the U.S. Tox21 program conducted many in vitro NR assays. Tox21 is a collaboration between the National Institute of Environmental Health Sciences (NIEHS)/National Toxicology Program (NTP), the U.S. Environmental Protection Agency's (EPA) National Center for Computational Toxicology (NCCT), the National Institutes of Health (NIH) Chemical Genomics Center (NCGC) (now within the National Center for Advancing Translational Sciences), and the U.S. Food and Drug Administration (FDA). The program profiled a collection of approximately 10 000 compounds (including both industrial chemicals and drugs) against a panel of 11 human NRs in a quantitative high-throughput screening (qHTS) format (Judson et al., 2013) . The assays were run in both agonist and antagonist modes at 15 different concentrations in triplicate with concentration-response curves for each chemical. Meanwhile, in the toxicogenomics field, the Japanese Toxicogenomics Project (TGP) in its first phase of the study generated large-scale gene expression profiles for 131 chemicals/drugs on rat liver and primary hepatocytes as well as human primary hepatocytes with varying both doses and treatment durations (Uehara et al., 2010) . The integrated analysis of these 2 large datasets offers a unique opportunity to investigate the relationship of drug-induced biological processes and targets from the toxicogenomics study with NR regulatory roles profiled by the Tox21 assays.
In this study, we used a probabilistic graphical model namely author topic model (ATM) (Rosen-Zvi et al., 2004) to investigate biological processes regulated by NRs by combining these 2 different data sources, NR assay data from Tox21 and in vitro human gene expression profiles from TGP. ATM is a text mining approach to investigate the relationship between topics and authors. Specifically, ATM models authors' interest by inferring topics authors write about and to the extension on which group of authors produce similar work. In many ways, the 2 datasets resemble document collections. Specifically, the TGP expression profiles can be considered as a set of documents, where each gene expression profile consists of mixtures of biological processes that can be thought of as topics, and a biological process consists of a set of genes that can be thought of as the words used to present a topic. In addition, each TGP expression profile has 'authorship' information-each expression profile is resulted from a chemical treatment and its authors are a set of NRs activated by the chemical in the Tox21 assays. Using these analogies of the data structure, we applied ATM to examine the relationship between NRs and their biological process with these 2 different data sources.
MATERIALS AND METHODS
Probabilistic graphical model. Our probabilistic graphical model is based on ATM, which is an extension of Latent Dirichlet Allocation (LDA) to include authorship information for document collections. LDA is a text mining approach developed by Blei et al. (2003) , to organize and classify a collection of documents. Its underlying concept is that a document has a mixture of topics and that each word is selected with a probability given one of the document topics. ATM is developed for extracting information about authors and topics from large text collections where an author writes a mixture of topics. Therefore, whereas LDA does not require author information for each document, ATM requires additional input indicating about which documents are written by which authors. The ATM analysis produces a set of topics (latent variables) and to the extension of revealing which topics are preferably written by which authors. As a result, each author is represented by a probability distribution over topics whereas each topic is represented as a probability distribution over words. To estimate these 2 matrix parameters, ATM assumes a probabilistically generative model in which each document is generated by 3 sampling processes. First, each word in a document by an author is chosen at random. Next, a topic is chosen from a distribution over topics specific to that author. Lastly, the word is generated from the chosen topic. In this study, the open-source Matlab Topic Modeling Toolbox package from the University of California was applied (http://psiexp.ss.uci.edu/research/programs_data/tool box.htm) where a Gibbs sampling process was implemented to maximize the posterior probability of 2 observed matrices, authors-documents and documents-words based on the calculated author-topic and topic-word distribution matrix (RosenZvi et al., 2004) . As mentioned above, the modeling produces 2 distributions: probability distribution over topics for each author and probability distribution over words associated with each topic. Figure 1 shows an overview of the methodology, where 2 resulting matrices are colored with orange in the middle. Specifically, the former matrix (H) is formatted as A Â T (authors by topics), with each cell indicating probability of assigning topic t to a word generated by author a. The latter matrix (H) is formatted as T Â W (topics by words), with each cell indicating the probability of generating word w from topic t. In the context of our study design, U (NRs by topics) includes the topic distributions for each NR whereas A (topics by genes) contains the gene distributions for each topic. By consolidating the 2 matrices, we uncovered hidden biological relationships in terms of target genes regulated by NRs. Our method requires input of several parameters. The number of topics was heuristically determined as 18 by prior knowledge based on the number of NRs to avoid extreme generalization of the model and maximize an informative discovery. Two parameters, a and b were defined as 0.01 and 50/T (number of topics), respectively where a and b is the Dirichlet hyperparameters for author-topic distribution and topic-word distribution, respectively.
Dataset. We used the compound-assay activity data from the Tox21 qHTS assays. Briefly, half-maximal activity (AC 50 ) and maximal response (efficacy) values were calculated from the concentration response curves and each curve was assigned a curve class of 1 to 5 based on potency, efficacy, and the quality of curve fit (Inglese et al., 2006) . The final activity outcome of a compound in an assay was then determined based on assigned class, reproducibility, and activity in control readouts and counter screens. A detailed description of the compound activity assignment scheme can be found in (Huang et al., 2014) Table  2 ). The in vitro human gene expression profiles from TGP comprise 4 different conditions, the combinations of 2 durations (8 and 24 h) and 2 doses (medium and high). A total of 203 LEE, HUANG, AND TONG | 65 drug-treated gene expression profiles were compiled for further analysis by including 4 combinations of 2 durations and 2 doses. To measure expression level of each gene, the probe-level data of the microarrays were quantile normalized followed by mapping of probe sets into corresponding genes (Dai et al., 2005) . Multiple probes for a gene were aggregated using the FARMS method (Hochreiter et al., 2006) .
We generated a 'document' for each TGP gene expression profile, which contained 'words', ie, genes differentially expressed when compared with the matched control. In the CAMDA dataset, a total of 18 988 genes remained after the preprocessing procedure. We considered the same gene with different transcriptional directions (ie, up or down) as 2 different words. After eliminating genes with low expression in either direction using the criteria jFold Changej>1.2, a total of 13 006 words were used as the final corpus for our documents. The frequency of a word appearing in each document was determined by multiplying the fold change of the treated samples compared with the time-matched controls by 10 times and rounded to the nearest integer as described in Figure 1 's left side green table. In summary, each TGP expression profile (TP) was represented by 2 vectors; a binary vector consisting of NR activity information whereas another is integer vector indicating summarized expression level of each gene as presented in 2 green tables of Figure 1 .
Topic modeling. By learning the parameters of the model, 2 matrices, NR-topic (H) and topic-gene (A) probabilities, were yielded. The NR-topic matrix identifies which topics are preferably used by which NRs whereas the topic-gene matrix identifies genes associated with corresponding topics. To investigate the relationship between NRs and genes, we used topic variable, which defines a pair of probability distributions over NRs and genes. The highly ranked genes for each topic were defined as target genes regulated by the mostly probable NR from the same topic.
Functional analysis. The second outcome of our model is the probability distribution of genes within a given topic. Specifically, / wt is the probability of gene w occurring in topic t, giving a measure of contribution of gene w to topic t. Since our probabilistic graphical model is to cluster genes co-occurring frequently chosen by a certain NR with respect to a collection of gene expression profiles, genes highly ranked in a topic are presumably regulated by the NR that is most likely associated with that topic. To determine the overrepresentation of biological processes governed by a particular NR, we extracted 300 genes for each topic followed by a functional analysis using the Gene Ontology and KEGG. Over-enriched terms were identified using Fisher's exact test. To construct an interaction network from top 300 genes, we utilized the 'Significant interactions within set(s)' feature of MetaCore.
FIG. 1.
Overview of the workflow. First, 2 datasets were transformed into document-based form, on which author-topic model was constructed. As a result, 2 matrices, NRs-topic and topic-genes probabilities, were estimated. Through shared topics, the associations between NRs and genes were investigated. ('TP' denotes a TGP expression profile; 'NR' denotes a nuclear receptor; 'T' denotes a topic; 'G' denotes a gene).
RESULTS

Nuclear Receptors and Topics
One of our modeling results is a probability matrix for each NR over topics, with each element h ta representing the probability of assigning topic t to genes regulated by NR a. Some of the NRs were highly relevant to the topics whereas others were less apparent. This is expected because some of the chemicals activate a single NR whereas others activate as many as 11 NRs in either agonist or antagonist modes. For example, acarbose showed agonist activity against ER only whereas griseofulvin showed agonist activity for 11 NRs. Figure 2A shows a heat map of chemical-NR activity matrix generated from the activity profile of the 52 chemicals across the NR assays. Figure 2B shows the distribution of the number of chemicals in the context of the number of active NRs. ROR antagonist shows the most active frequency of 22 whereas VDR agonist, PPARd agonist and PPARd antagonist have least active frequency by activating only one single chemical. The average number of chemicals active against an NR in agonist mode is 9 whereas the average number of chemicals for antagonist is 11. Table 2 shows the top 2 NRs assigned to each topic. Some of the NRs like PPARd agonist, PPARd antagonist, VDR agonist and VDR antagonist are not enriched with any of the topics whereas several other NRs are enriched with several topics. For example, ER agonist is associated with as many as 3 topics (Topic 3, 13, and 17) as the most probable NR. We found that topic 4, 5, 7, 9 and 13 showed a strong association with only 1 NR such as RXR agonist, RAR agonist, AhR, RAR agonist, and ER agonist, respectively (h ta > 0.9).
Functional Analysis
The second outcome of our model is the probability distribution of genes conditioned on a given particular topic (A). Based on the model, genes co-occurring frequently across expression profiles are clustered together. Functional analysis of the highly ranked genes in each topic provides the information about the biological processes regulated by each NR. To determine the overrepresentation of biological processes governed by a particular NR, we performed a functional analysis with the top 300 ranked genes in each topic against Gene Ontology and KEGG (P < .05, Supplementary Table 3 ). The most frequently observed pathway from KEGG database was p53 signaling, which appeared in 13 topics, followed by cell cycle across 12 topics. Metabolism of xenobiotics by cytochrome P450, retinol metabolism and drug metabolism were enriched in 10 topics. Generally, p53 pathway responds to various stress signals to disrupt cellular homeostatic mechanisms. Specifically, drug-induced DNA damage and oxidative stress cause a stressful state for cells, so that p53 signaling is triggered as a defensive mechanism, ultimately resulting in cell cycle arrest and apoptotic pathway. However, the aggressive pro-oxidative mechanism of p53 was also discovered in instances where a high level of oxidative stress was leading to cell death. We found that PPAR signaling pathway is enriched in 2 topics, topics 3 and 10 which the mostly associated NR is ER agonist and PPARc antagonist, respectively. Both topics 5 and 9 have the RXR agonist as the mostly related NR. We found that some of the biological processes over-represented in topic 5, such as carboxylic acid metabolic process, organic acid metabolic process, cofactor metabolic process, and oxidation reduction were identified in previous work (He et al., 2013) . Topic 14 is associated with ER antagonist (h ta ¼ 0.54) and AR antagonist (h ta ¼ 0.45). Both ER and AR are steroidal receptors and play important roles in developing prostate and breast cancer. The GO analysis indicated that cell proliferation related biological processes such as cell cycle (P ¼ 7.67E-07) and regulation of cell cycle (P ¼ 7.49E-05) were highly ranked. In the KEGG analysis, DNA replication is top ranked (P ¼ 4.00E-04). Topic 10 is associated with PPARc antagonist and its apoptotic mechanism in various cancer cells are widely studied (Fajas et al., 2003) . Our result showed that apoptotic process was highly enriched in topic 10 (P ¼ .00015) and regulation of apoptotic process (P ¼ .00028). Topic 11 is highly associated with FXR antagonist. The GO analysis showed that topic 11 was significantly associated with cell migration (P ¼ .0029) and cell motility (P ¼ .0042), and abnormal regulation driving cancer metastasis. It is well known that FXR plays a vital role in cancer metastasis and FXR inhibition is an effective approach to diminish tumor growth (Lee et al., 2011) . Additionally, FXR is involved in cholesterol homeostasis; in our result cholesterol homeostasis was significantly identified (P ¼ .026). Table 3 shows the unique KEGG pathways over-represented in each topic and not in the other 
Nuclear Receptor Target Genes
We defined the top 300 genes for each topic as target genes regulated by the mostly probable NR from the corresponding topic. The top 10 genes from 18 topics are presented in Table 4 . All 300 genes for each topic are provided in Supplementary  Table 4 . Each of the 18 topics is unique, as evident by a pairwise similarity assessment of topics using the Tanimoto method based on the top 300 genes (Figure 3) where the largest Tanimoto coefficient was only 0.15 between topic 2 and topic 15. This indicated that each topic represented a unique aspect of biology. A literature search was conducted to validate target genes regulated by NRs. We compared the known 13 AhR target genes with top 300 genes of topic 7 (associated most strongly with AhR). Among the 13 known genes, 5 genes with the same regulation direction appeared such as Cyp1a1, Cyp1b1, Cyp1a2, Nfe2l2, and Tiparp (P ¼ 6.983e-06) (Watson et al., 2014) . Cyp3a7 was appearing as most likely gene in 2 topics, topics 2 and 4 of which top NR is GR agonist and RAR agonist, respectively. Cyp3a7 is one of the biomarkers for human fetal liver; its gene expression was induced after treatment of glucocorticoids (Pang et al., 2012) . PXR:RXR complex binds to ER6 elements upstream of the Cyp3a4 and Cyp3a7 and activates their gene expression (Pascussi et al., 1999) . Topic 9 has Cyp26a1 as a top gene of which top NR is RAR agonist, supported by (Pozzi et al., 2006) . In topic 14, both AR and ER antagonist are highly associated. Its most likely gene is GDF15 (upregulated) that is known for association with estrogen resistance and liver injury as a member of the transforming growth factor-beta superfamily. For further validation, we compared our target genes with TRANSFAC database which includes transcription factor's experimentally-confirmed binding sites and regulated genes (Matys et al., 2003) . We identified the target genes for 9 NRs as Table 5 . We then counted the number of targets that were common to TRANSFAC and our model for a given NR. The largest intersection was 8 target genes of TRANSFAC's GR target genes, which were identified for Topic 2 (most likely NR was GR, P ¼ 1.946e-07)-Cyp2c9, Fkbp5, Igfbp1, Lpin1, Sepp1, Tat, Tnfaip3, and Tsc22d3. Another example is Topic 13 of which top NR is ER agonist, in which 6 genes are common with TRANSFAC's ER target genes such as Cdkn1a, Cyp2a6, Hmox1, Nr0b2, Nr5a2, and Ugt2b15 (P ¼ 8.688eÀ04). To assess our results qualitatively, we generated another target gene sets by using fold change. We gathered a collection of gene expression profiles treated with the chemicals that are activated for a certain NR then calculated average fold change for each gene. Then top 300 genes were extracted on the ranking 
Genes are ranked according to the probability of topic-gene matrix. The table shows the top 10 genes ranked by probability for each topic.
LEE, HUANG, AND TONG | 69 of absolute average fold change. Those target genes were then compared with TRANSFAC database that is presented in Table  6 . When GR agonist's 300 target genes extracted from fold change were compared with GR's 59 target genes from TRANSFAC, 3 genes such as Cyp2c9, Lpin1, and Tat were found to be common. The list of common target genes for entire pairs is summarized in Supplementary Table 5 . Lastly, to validate further the modularity of our target genes, we examined an interactivity of target genes by counting the number of interaction pairs from top 300 genes using MetaCore's significant interactions within set(s). As a result, the number of interactions was much higher than one from the randomly selected 300 genes, presented in Figure 4 where the average number of interactions was 169 and 57.7 when it was our discovered 18 topics and randomly selected 50 topics, respectively. The statistical significance was .0001 against the null hypothesis that the means of interaction numbers from topics are randomization are equal. The entire set of interaction pairs is presented in Supplementary Table 6 , where topic 12 has the largest number of interactions (389 interacting pairs), of which the most likely NR is RAR antagonist. In the context of a network from topic 12, there were several hub genes such as CDK2, CDK1, and FOS. Their connection to RAR is supported by previous literature reports (Bao et al., 2006; Ødum, 2013; Talmage and Lackey, 1992) .
DISCUSSION
In this study, we performed an integrative analysis of 2 different datasets, small molecule bioassays from Tox21 and in vitro human gene expression profiles from TGP to discover transcriptional targets that are regulated by NRs. We applied ATM that analyzed these 2 different data sources efficiently with latent variables for an enhanced integration. This approach originated from Latent Dirichlet Allocation (LDA) whose objective is to identify the hidden structure embedded in a set of documents. Besides uncovering the hidden structure, ATM examines the relationship between authors (ie, NRs) and words (ie, genes) through latent topics (ie, biological processes). This ultimately leads to modeling the content of documents (ie, gene expression profiles) and the interests of authors (ie, NRs).
Considering the similar data structure between authorsdocuments and NRs-gene expression profiles, we successfully applied an ATM to the 2 different data sources. ATM is a text mining approach to interrogate authors' interest by investigating which topics authors write about and to the extension of revealing which group of authors often collaborate together in writing the same topics. In many ways, differentially expressed genes selectively regulated by NRs in gene expression profiles can be viewed as if words are preferably selected by authors in writing documents. Two matrices were yielded from the ATM analysis: one is NR-topic probabilities matrix and the other is topic-gene probabilities matrix. The NR-topic matrix identifies which topics are preferably used by which NRs whereas the topic-gene matrix identifies which genes are associated with which topics. Here, a 'topic' consisted of a set of genes with each having a probabilistic measure of its importance to the topic and it is enriched in the expression profiles for sets of chemicals that activate particular NRs (or pairs, triples, etc. of NRs). The main goal of this analysis is to infer which genes are targets by which NRs. Specifically, by analyzing 2 matrices, the highly probable genes for each topic were defined as target genes regulated by the most probable NR from the same topic.
For each topic, we performed functional analysis, which provides us with an intuitive understanding of the biological processes associated with NRs. Among the functional analysis results, some of the cell death related functions may be associated with potential cytotoxicity rather than NR's induced effect in the 2 data sets because some of the targets may be regulated as a result of cell stress at high drug cocentration. In the Tox21 dataset, this issue is more relevant for the antagonist mode assays, where an inhibitory effect caused by cytotoxicity could be mistaken for antagonist action. We have tried to minimize the interference from cytotoxic responses by running a cell viability counterscreen for every antagonist mode assay, and only considering a chemcial as active when it showed significantly more potent activity against the NR target than in the cell viability counterscreen. The method may not remove cytotoxicity interference completely, but the target gene/pathway validation Topic1  1  1  0  1  2  0  0  1  0  Topic2  5  3  5  3  8  2  0  0  1  Topic3  2  2  1  2  0  1  0  0  1  Topic4  3  1  0  1  3  2  0  0  2  Topic5  3  2  1  1  3  1  0  0  0  Topic6  5  3  1  0  2  0  0  0  0  Topic7  4  1  4  1  3  0  0  1  1  Topic8  4  2  2  0  1  0  1  0  0  Topic9  3  3  4  0  1  1  3  1  1  Topic10  5  3  4 The row and column represents 18 NRs in either agonist or antagonist mode and TRANSFAC'S 9 NRs, respectively. The number within parenthesis in the column name shows the number of total target genes from TRANSFAC.
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results show that with our analysis method we can see true NR related signals that are not merely responses to cytotoxicity. We found that p53 signaling pathway is most frequently overrepresented on all the 18 topics. The relationship between NRs and p53 has been widely studied in both structural and functional aspects (Lee et al., 2010; Yang et al., 2012) . For example, ER interacts with p53, leading to the suppression of p53-mediated transcriptional repression (Rasti et al., 2012) . It is also reported that both ER agonist (estradiol) and the ER antagonist (tamoxifen) can promote p53 inhibition (Bailey et al., 2012) . Besides the functional analysis of each topic, we compared top 300 genes in our 18 topics with TRANSFAC's target genes. As a result, the functions of some topics are verified, for example, among 300 genes in topic 2 where the most probable NR is GR, 8 genes are overlapped with TRANSFAC GR's target genes. Of note, a relatively large false discovery could be anticipated due to the low hit rate, 0.14 (8/59) and potential false positive targets. Differences in experimental conditions, such as cell type, could account for the relatively low overlap between the target genes identified by our method and the TRANSFAC genes resulting in potential false discoveries. Specifically, the gene expression profiles of TGP are generated in primary human hepatocytes, but most of the NRs-target relationships reported in TRANSFAC are only validated in human cancer cells. Another common approach to identify candidate targets is to compare DEGs (or fold change alone) with TRANSFAC. This approach has only 3 genes overlapped with TRANSFAC's GR target genes, which is far less than our ATM approach. Thus, our approach is clearly more robust in correctly identifying target genes despite of the seemingly low hit rate for some targets. Lastly, we analyzed the interaction/connection between top 300 genes for each topic, which demonstrated our observed topics are much highly correlated with each other than randomly selected 300 genes. Uncovering hidden structure embedded in different datasets is a non-trivial problem due to their distinct characteristics such as different variable types and/or their scales. However, utilizing the ATM method we were able to integrate 2 heterogeneous data sources in an efficient manner through latent variables (ie, topics), which connects NRs and associated (or regulated) differentially expressed genes. With that said, we found that certain NRs (such as PPARd agonist, PPARd antagonist, VDR agonist, and VDR antagonist) were not associated with any topic. It is likely due to the fact that because the method is model-based, if the hidden structure is not apparent compared with others, it would not appear as detectable pattern. In contrast, we could define target genes for every NR when using fold change. Additionally, even though a few NRs is associated with multiple topics, it does not imply that our topics are redundant as evident by the pairwise similarity assessment of 18 topics where the nearest pair was between topic 2 and 15 with a Tanimoto coefficient of 0.15 (80 genes were shared). These results demonstrate that even though the same NR is activated, the expression pattern could be different according to the biological context. Importantly, our approach was successfully validated with functional analysis in comparison with a curated database, leading to the discovery of transcriptional targets of NRs with interpretable biological insights.
